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1. Fluid–structure interaction

2. Image-registration driven simulation

3. Three-dimensional to one-dimensional model coupling and interface conditions

4. Combined continuum-mesoscale-atomistic-level simulation

5. Interface and boundary conditions: accuracy and dynamical importance

6. Multiscale geometry representation and boundary conditions

7. Integration of imaging data with modeling and computer simulation

8. Direct versus indirect interactions between processes that operate at disparate scales

9. Uncertainty in materials properties, boundary conditions, and geometry

10. Sensitivity and uncertainty in multiscale and multi-physics integration

11.  Cell models

At the 2010 MSM Consortium meeting, a white paper titled “Cell 

scale to macro-scale integration” was presented by the Cell-to-

Macroscale WG to discuss the advantages, limitations and prospects 

of different numerical methods and modeling strategies to predict 

integrative physics and physiology that take place at cellular-scale to 

macro-scale in the human body.
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 Cardiovascular systems (8 papers)

 Respiratory systems (3 papers)

 Cells/proteins (5 papers)

 Biochemical processes (2 papers)

 Bone mechanics (2 papers)

 Predicting surgery outcomes (1 paper)

http://www.sciencedirect.com/science/journal/00219991/244/supp/C


“…Because I had worked in the closest possible ways with
physicists and engineers, I knew that our data can never be precise…”

Norbert Wiener



Solving Differential Equations from Measurements Only!

Remove the tyranny of Grids! And of serious Math!

Use noisy measurements - Predict with uncertainty!

Execute Poincare’s will!

“…once we allow that we don’t know f(x), but do know some 

things, it becomes natural to take a Bayesian approach”

Persi Diaconis, Stanford (1988)



Outline

I. Gaussian Process Regression

II. Noisy Data & Multi-fidelity

III. PDEs via Machine Learning











A general framework
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Numerical solution of PDEs via machine learning
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Adaptive refinement via active learning
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